Proteases are pleiotropic, promiscuous enzymes that degrade proteins and peptides, which drive 2 important processes in health and disease. The ability to quantify the activity of protease signatures by 3 sampling with Massively Multiplexed Activity (MMA) libraries will provide unparalleled biological 4 information. Under such a framework, a designed library of peptide substrates is exposed to a cocktail 5 of proteases, the cleavage velocity of each substrate is measured, and individual protease activity levels 6 are inferred from the data. Previous studies have developed individual protease sensors, but 7 multiplexed substrate cleavage data becomes difficult to interpret as the number of cross-cutting 8 proteases increases. Computational methods for parsing this data to estimate individual protease 9 activities primarily use an extensive compendium of all possible protease-substrate combinations, 10 which require impractical amounts of training data when scaling up to MMA libraries. Here we 11 provide a computational method for estimating protease activities efficiently by reducing the number 12 of substrates and clustering proteases with similar cleavage activities into families. This method is 13 scalable and will enable the future use of MMA libraries with applications spanning therapeutic and 14 diagnostic biotechnology.
1 Introduction 17 Proteases are multifunctional enzymes that cleave peptide bonds and are responsible for 18 maintaining health in processes ranging from immunity to blood homeostasis, but are also drivers of 19 diseases, including cancer and sepsis (1-10). Certain aspects of protease biology remain poorly 20 understood, such as the mechanisms regulating substrate specificity in vitro vs. in vivo (11) . Libraries 21 of protease sensors are required to perform these experiments, which led to the development of more 22 specific and efficient probes. There are ~550 known proteases expressed by the human genome, which 1 requires a substrate library of approximate magnitude to completely resolve an individual's protease 2 landscape, assuming one protease cuts one substrate. Next Generation Sequencing technologies 3 provide the ability to rapidly assess protein abundance on this scale, but previous studies show a lack 4 of correlation between expression and enzymatic activity (12) (13) (14) . The quantification of protease 5 activity on this scale in humans will provide copious amounts of unseen biological information, 6 leading to improved diagnostic and therapeutic technologies. 7 For this reason, countless platforms have been developed to sense and modulate protease 8 activity in vivo and in vitro, with the potential to extract useful physiological information (10, (15) (16) (17) (18) (19) (20) (21) (22) (23) (24) (25) (26) (27) (28) (29) (30) . 9 These technologies require experimental knowledge of protease-substrate specificity (11), which is 10 difficult to completely measure because proteases are promiscuous (8), enabling them to cut multiple 11 different substrate sequences. Therefore, independent protease signatures become convolved when 12 multiplexing a library of sensors, making it difficult to quantify the relative activity of each protease 13 (31). Previous studies have successfully developed computational algorithms to parse these signatures 14 (32) , but these methods may become complicated when applied to proteases with similar substrate 15 signatures. 16 Here, we present a method for deconvolving protease signatures, which requires limited prior 17 knowledge of protease-substrate specificity. To overcome the challenge of scaling to all physiological 18 proteases, we use this method to improve experimental design by reducing the size of the substrate 19 library. Furthermore, we cluster proteases with similar substrate activities into families, while 20 maintaining high estimation accuracy. Under this framework, we lay the groundwork for 21 understanding multiplexed protease-substrate signatures on a large scale, enabling the use of 22 Massively Multiplexed Activity (MMA) libraries. 23 2 Method 1 To improve experimental design for deconvolving protease composition of protease mixtures, we 2 developed pipelines for estimating kinetic parameters from real experimental data, and simulating in 3 silico experimental data. In this Method section, we firstly introduce individual components of the 4 pipeline (Method 2.2-2.5). We then apply the pipeline to optimize the selection of substrates and 5 cluster proteases into families (Method 2.6).
6
The overall strategy for the deconvolution analysis consists of two optimization steps. The first step 7 learns the cleaving dynamics of every combination of one protease and one substrate by optimizing 8 kinetic parameters for a modified Michaelis-Menten model (33, 34) (see details in Method 2.2.2 and 9 2.4.1). The second step applies the kinetic parameters learned in the first step to estimate the mixing 10 coefficients, representing the concentrations of proteases in the protease mixtures to be deconvolved 11 (see details in Method 2.4.2). In the case where a sufficient number of substrates are measured to 12 deconvolve all individual proteases in a mixture, we screen for the optimal subset of substrates in order 13 to reduce the required number of substrates. When highly correlated proteases exist in the mixture, 14 which would require an impractically large number of substrates for deconvolution, we cluster the 15 proteases into families via hierarchical clustering to enable deconvolution based on a reasonable 16 number of substrates and achieve a higher accuracy at a lower resolution (Method 2.6). 18 To obtain the recombinant protease activity data, we first conjugated seven different c-terminus 19 cysteine synthetic peptide substrates to amine functionalized 2 μm magnetic microparticles with SIA, 20 an amine-thiol crosslinker. The n-terminus of the peptides each contains one of seven unique glu-fib 21 mass barcodes (Table 1) . We then incubated a cocktail of these seven substrates with each of the seven 22 recombinant proteases individually at 37°C on a spinner. At various time points between 0 and 400 1 minutes, we used a magnetic separator to remove the microparticles from the supernatant, which 2 contains the cut substrates plus mass barcodes. Mass spectrometry was performed to quantify the 3 amount of cut substrate at each time point.
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4 Table 1 5 (1) (3) 
Substrate Name Peptide sequence (N terminus on left) Modifications
Quantifying estimation accuracy via Root-Mean-Square Error (RMSE) 18
Once estimated mixing coefficients of a protease mixture have been obtained, the estimation accuracy 19 is evaluated by the root-mean-square error (RMSE) metric. This metric is commonly used in machine 20 learning to quantify accuracy for regression analysis (38). An example of quantifying estimation error 1 using RMSE is in Table 2 . 4). Finally, we estimate the mixing coefficients based on the estimated kinetic parameters and the simulated experimental data for protease mixtures reacting with multiple substrates (Equation 1 5) and evaluate the deconvolution accuracy using RMSE. In this analysis pipeline, we choose to 2 estimate the single-protease-single-substrate kinetic parameters because the true kinetic parameter 3 values are often unavailable in practice. Using this pipeline, we can evaluate the expected 4 deconvolution performance for a given set of proteases using a given set of substrates and then derive 5 optimal experimental designs for choosing the most suitable substrates for deconvolving the protease To obtain kinetic protease activity data we incubated 7 serum proteases from the complement and 11 coagulation cascades with 7 protease substrates (Figure 1) . Proteases displayed different preferences 12 for substrates but were not necessarily linearly independent. Interestingly, proteases from different 13 physiological families showed similar substrate specificity (i.e., MASP2 and CFI). This suggested that 14 computationally-derived families of proteases may not necessarily reflect the biological families.
15
Additionally, each protease showed unique early saturation levels, which is characterized by the 16 parameter β. In order to validate the robustness of RMSE in reflecting estimation accuracy, we simulated a series 8 of 2-protease mixtures with increasing levels of similarity between the two proteases, which 9 represented deconvolution problems with an increasing level of difficulty. In the simulations, the 10 number of observed time points Q was 2, which matched our real experimental setting shown in 11 Figure 1 . More specifically, we first simulated two proteases ( 1 , 2 ) by randomly generating their 12 kinetic parameters against multiple substrates. Since the kinetic parameters were randomly generated, 13 these two proteases are independent of each other. We then generated a series of intermediate proteases is more difficult for cases where the mixed proteases are highly correlated ( close to 1). In addition, 3 we simulated cases with anywhere between 2 to 7 substrates. Generally, the more substrates are 4 measured, the easier it is to deconvolve the protease mixtures. In these simulations, the RMSE is 5 expected to be larger for more difficult cases, and smaller for relatively easier cases.
6
In Figure 2 , the horizontal axis represented the value for generating the protease 3 , which meant 7 that simulation cases from left to right had an increasing level of similarity between proteases 1 and 8 3 , and thus had an increasing level of difficulty for deconvolving protease mixtures of the two 9 proteases. Each curve represented a different series of simulations with a particular number of 10 substrates. In Figure 2 , the simulation series with a larger number of substrates led to smaller RMSEs.
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Note that the 2-and 3-substrates curves largely overlapped, and the 5-, 6-, and 7-substrates curves also 12 largely overlapped. In each simulated series with a specific number of substrates, the RMSE increased 13 in general with respect to the horizontal axis that represented an increasing level of difficulty. In the represented 3 proteases that had independent substrate cleavage activities. In order to deconvolve 3 12 independent proteases, at least 3 substrates were needed. 13 We performed two sets of similar analyses using 3 of the 7 proteases and the 7 substrates in our real 14 experimental data in section 3.1. One set of analyses was based on proteases MASP2, C1r, and F2, 15 which were from 3 different proteases families, and the other set of analyses was based on proteases 16 MASP2, CFI, and CFD, which were highly correlated in terms of their substrate cleaving dynamics.
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The single-protease-single-substrate kinetic parameters were estimated from real experimental data.
18
All subsequent analyses were the same as the above where kinetic parameters were randomly 19 generated. As shown by the dotted-triangle curve in Figure 3 , deconvolving the three highly correlated 20 proteases was quite difficult with large the RMSE regardless of how many substrates were used. The 21 dotted-square curve in Figure 3 was similar to the analysis where kinetic parameters were randomly 22 generated, indicating that the three proteases from different protease families had relative independent 23 cleaving dynamics against the substrates. Interestingly, the performance actually improved in both 1 dotted curves when the number of substrates reduced from 7 to 5 (or 4). This was because the first few 2 substrates being removed had extremely similar cleaving dynamics against all the proteases (details in 3 Supplementary Figure S1~S6) . Those substrates were not only uninformative but also sources of 4 confusion for the deconvolution analysis. Therefore, effective deconvolution of protease mixtures 5 required a decent number of substrates with uncorrelated cleaving dynamics against the proteases. We first examined a simulated scenario with 9 proteases and 7 substrates. The 9 proteases formed 16 three families. Each family contained 3 highly correlated proteases, but the families are independent 17 of each other. To in silico generate the 3 highly correlated proteases in one family, we took a similar 18 strategy as described in Section 3.2. For each protease family, we randomly generated the kinetic 19 parameters of three proteases ( 1 , 2 , and 3 ) cleaving 7 substrates, and then generated two proteases 20 4 and 5 that correlated 1 using the following combinations 4 = 1 + (1 − ) 2 , and 5 = 21 1 + (1 − ) 3 . Proteases 1 , 4 and 5 form the family. Here, was either 0.9 or 0.6, representing 22 a proteases family containing highly correlated proteases or moderately correlated proteases. We 23 repeated the above three times to generate the kinetic parameters for the three families of proteases.
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After generating the single-protease-single-substrate kinetic parameters with family structures, we 1 simulated data for the single-protease-single-substrate setting and the multi-proteases-multi-substrates 2 setting. We then evaluated the performance for deconvolving the 9 individual proteases using 3, 5, or 3 7 substrates. Figure 4a and 4c showed scatter plots of the true simulated mixing coefficients versus were independent, it was difficult to deconvolve the mixing coefficients of the individual proteases.
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Using the same simulated data as above, we evaluated the possibility for deconvolving protease 11 families. In order to perform deconvolution at the protease family level, we used Equation (4) to 12 estimate one set of kinetic parameters for each family, by treating the simulated single-protease-single-13 substrate data for protease members in the same family as replicates of a "representative" protease for 14 the family. After estimating the kinetic parameters for the three protease families, we then optimized individual proteases 4 families (as shown in Figure 5 ). After that, we performed the same analysis as 
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The deconvolution difficulty level of this independent-proteases setting was regarded as "easy" in 
